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Born Oppenheimer MD
— separation of scales

Calculate energy/forces for fixed nuclei positions

ry..rykm Elr] Schrodinger Eq. =

{Hartree Fock, DFT,
Coupled Cluster, ...}

Integrate nucleli dynamics

dr.

df? Not treated:

Quantum mechanics of nuclei (e.g. hydrogen)

Non-equilibrium dynamics of electrons

- von Neumann eq. for density matrix
- non-adiabatic excited state MD




Classical potential /
force field

Schrodinger Equation

Pros:  accurate,

transferable

" Not vary transferable, Cons: C putationally
Non-reactive emanding

Laboriou$, parameterization

Machine learning to
emulate Schrodinger eq.



MAE (kcal/mol)

QM9 - 130k organic molecules

: S —500-
Relaxed geometries £ : .
© 2 ’
C,N,O,F(upto9) + H g ~10007
: - 3
o = 1500
\ isoleucine - -
) » — B L ]
' 4 : — - g
L ¥ _> T —2000-
ethane " & O ) y S
ke, 1 - ’
toluene g -25007 ‘./
] E---ChemicaIAccurac 2 ENN 90001 EON—T1 000 — &N
; y —2500-2000-1500-1000 —500
3 : . S(T::::S 1 keal/mol = 1/23 eV
: W HDAD -
2 - A MPNN Typical
: Schnet DFT Accuracy
: ; HIP-NN
1 bl SELIEC S DD P LS e e
: v A O * | Typlcal
0 - , L CCSD Accuracy
2016 2017 2018

Lubbers et al., https://arxiv.org/abs/1710.00017



Accuracy

Levels of guantum chemistry

Machine
- »‘ ““““ CCSD(T)
--" DFT O(n')

5. @ o) - 00
.7 Tight-binding
g O(n) — O(n>)

Log cost

Exact solution?

~ exp(n)



Physics informed machine learning

Symmetries:

Translation Time reversal

Rotation Permutation

Physical principles:

_ocality + Coulomb interactions
Hierarchicality (e.g. many-body expansion)
Do not constrain to partially correct physics?




Transplant techniques

Deep learning philosophy:
e don’t hand design features
* use large training dataset
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Neural Net &< ¢
R AN
Zg“ = Jnonlin( Zb Wap2p + b,) :/ 8\8
Conv Net fj
W
2" (%) = frontinl (W * 2)(x) + b(x)] ;/

Molecular
generalization

Zn+1(.X) =fnonlin[° . .Zn. . ]

https://ai.googleblog.com/2017/04/predicting-
properties-of-molecules-with.html

See also: DTNN, MPNN, SchNet, ...



HIP-NN

Local messages Pairwise distances

) / (Translation/rotation invariance)
~0+1 Z Z
zz’,a Uab TZ] J,b +
1nter —

Descriptors of \ / /

atom / Learned parameters

abzz b + Be

Lubbers et al., “Hierarchical modeling of molecular energies using a deep neural network™
https://arxiv.org/abs/1710.00017



Symmetries of ML potential

Translatlon, Atomic positions represented

Rotation: entirely with pairwise distances

Ti - Forces are generated as exact
Ime reversal. derivative f=-VE

Physical principles

Spatial locality: Energy decomposed locally,

E=YE

H ierarchicality: Energy decomposed
hierarchically E = Zng .
¢




Training to energies and forces

Energy E[r,w] 07 o }O
9 O

P e

Backprop 1, forces V. E :7' e 303 :X:

Loss == ) [cl(E — £ + ¢y(V,.E - VrE)ZI

Data

Backprop 2, weight updates: vV,

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------



Active learning

Computer should help us design good datasets!

Molecular

dataset ‘\Retrain

Quantum ML potential

calculations

ML uncertain? MD simulation
Add to dataset!

Smith et al., “Less is more: sampling chemical space with active learning”
https://arxiv.org/abs/1801.09319
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Active learning vs random sampling

Dataset sizes
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Transfer learning

Combine lots of DFT data with some high accuracy CCSD data

Subsample 10% of
ANI-1x training data
(0.5M of 5M)

Recompute CCSD(T)/ Train network Retrain network
CBS level

340k parameters
fixed, re-train 60k

107 faster than DFT

Smith et al., “Outsmarting Quantum Chemistry Through Transfer Learning” [ChemRxiv:6744440]



Hydrocarbon reaction energy benchmark

Benchmark HC7
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1265-1275.

Smith et al., “Outsmarting Quantum Chemistry Through Transfer Learning” [ChemRxiv:6744440]



Density of bulk water

NPT conditions: 295K; 1Bar

CCSD(T)*/CBS

267 waters
energy only trained (295K;1bar)
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Inferring local charges to produce dipoles

Training
Data

Dipole
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Inferred charges generalize to quadrupoles
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IR Spectra

Log Count
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Conclusions

Machine learning to emulate quantum chemistry works
great!

Future directions?

Accounting for electron dynamics?

Joint-training to more information from wave-function?

Use ML to predict effective guantum Hamiltonians?

Better transfer learning? Can we incorporate data from
experiment (e.g. phase diagrams)?
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